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Abstract. Localizing a mobile robot in indoor and GPS-denied environments is
a complex problem, particularly in dynamic unstructured scenarios where tradi-
tional cameras and LIDAR-based alternative sensing and localization modalities
may fail. Wireless signal-based localization has been extensively studied in the
literature yet primarily focuses on fingerprinting and feature matching paradigms,
requiring dedicated environment-specific offline data collection. To avoid this of-
fline data limitation, we propose an online localization algorithm enabled by the
cooperation of wireless sensor nodes (WSN) and a mobile robot that needs to be
localized in an indoor environment. The core novelty of our approach lies in that
we obtain the Direction of Arrival (DOA) of wireless signals by exploiting the ge-
ometric features and cooperative communication between various sensor nodes
of the WSN deployment. This is combined with a Particle Filter algorithm to cal-
culate the Gaussian probability of wireless signal DOA online for high efficiency.
The motion model of the robot (e.g., through the use of inertial or odometry sen-
sors), if available, can be integrated into our algorithm to boost the accuracy of
the localization further. The method allows online performance without needing
a dedicated offline phase, as in typical fingerprint-aided algorithms. Along with
the theoretical analysis, we validate the proposed method’s accuracy and compu-
tational efficiency through extensive simulations, real-world public datasets, as
well as through real robot demonstrations. The results show considerable high
centimeter-level localization accuracy balanced by the high real-time computa-
tional efficiency compared to other state-of-the-art localization approaches.
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1 Introduction

Location information is critical for mobile robot and wireless device operations, and
device localization has been a significant task, especially in indoor environments. A
Global Positioning System (GPS) could provide adequate positioning accuracy for most
outdoor location-based services. However, because the GPS satellite signal cannot pen-
etrate most buildings, it cannot provide sufficient position accuracy indoors [ |]. Further-
more, indoor, GPS-denied, or dynamically changing environments pose additional chal-
lenges for mobile robot (vehicle) localization [2]. Indoor localization has emerged as
one of the most critical robotics, automation, and wireless systems components. There-
fore, one fundamental requirement is to provide an accurate and efficient localization
system in a real-time (online) manner [3].
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In recent years, alternative sensing technologies such as LIDAR, Infrared, inertial
measurement units (IMU), camera image-based visual localization, and their fusion
with wireless signal-based positioning systems have been exploited for obtaining accu-
rate indoor localization of mobile devices [4,5]. However, these technologies are either
expensive or suffer from various limitations of the alternate sensor modalities, such as
the requirement of proper lighting conditions for the camera, structured surfaces for
LIDAR, gross accumulation errors of IMU.

Some recent studies [0] analyzed the potential use of RFID technology for indoor
localization. However, RFID has its own potential risks and limitations, i.e, failure of
tag with long reading range, false detection of border landmarks, as well as requirement
of large number of tags. Finally, in RFID-based systems, the false negative reading
(FNR) phenomenon can occur [7]. A combined approach [8] of phase difference and
readability to localize the robot in a relatively sparse reference distributed environment
using RFID has achieved a centimeter-level of accuracy using the same particle filter
approach like ours. However, it lags in computation efficiency and practicality in real-
world scenarios due to a high number of particle filters for even small regions. It also
depends on tag distribution geometric formation for accurate pose estimation.

In consumer electronics, wireless technologies such as Wi-Fi and Bluetooth are the
most extensively utilized for indoor WLANS. The ubiquitous availability of RSSI mea-
surement on such inexpensive commercial devices is the Received Signal Strength In-
dicator (RSSI) measured from an Access Point (AP) or a Wireless Sensor Node (WSN).
This RSSI values can be used in various applications, including localization [9,4,10],
control [1 1], and communication optimization [12,13]. These advances provide oppor-
tunities to exploit the wireless sensors nodes in aiding mobile robot localization.

In indoor positioning and indoor navigation systems research, most of the exist-
ing work focuses on creating a fingerprinting database and using the fingerprinted data
along with current real-time RSSI data to position the wireless device using a supervised
machine learning algorithm [14,15]. However, these fingerprinting-based approaches
require a dedicated offline phase, in addition to the limitation of generalization where
they can be employed only for the specific environment where fingerprinted [ 16]. There-
fore, there is a need for the real-time (online) capability of the RSSI-based position al-
gorithm to enable localization without a dedicated fingerprinting process or tweaking
to a specific environment to better fusion with alternate sensing modalities [2].

To address these gaps, we
propose a novel online indoor
localization method that uses the
Direction of Arrival (DOA) es-
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Fig. 1. Overview of the proposed device localization ap-
proach with limited Wireless Sensor Nodes (WSNss).
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ent equally-capable schemes to demonstrate our RSSI-based DOA estimation for local-
ization: 1) using RSSI measurements from three or more geometrically-aligned Wire-
less Access Points (APs) deployed in the infrastructure; 2) using Wireless Sensors
Nodes (WSN) spatially distributed in the environment in a specific fashion commu-
nicating their RSSI values to the wireless Access Point (AP) sitting on the mobile robot
(device). See Fig. 1 for an overview of the proposed method on the WSN-based and
the AP-based RSSI measurement schemes. The main contributions of this paper are
outlined below.

1. We propose a novel collaboration-aided mechanism using which a mobile robot
can collect RSSI data from WSNs for estimating Wireless signal DOA.

2. We integrate the DOA estimation and implement a new PF-DOA indoor localiza-
tion algorithm using a particle filter updated based on the DOA information ex-
tracted from cooperative communication of the RSSI data.

3. Through extensive numerical simulations, real-world datasets, and robot hardware
demonstrations, we verify and validate the accuracy and efficiency of the pro-
posed method compared to recent non-fingerprinting methods from the literature
such as the trilateration [9,17], weighted centroid [ 18], differential RSS [19], im-
proved RSSI based localization [20], particle filter-extended Kalman filter [21], and
Markov grid (or expectation maximization [22]) approaches.

4. We open source the implementation of the algorithm in Python, and the ROS pack-
ages, including all the datasets and the implementation of the compared methods,
via GitHub'. We believe this will enable reproducibility and extension of our ap-
proach by the research community.

The core novelty of our approach lies in that we employ a DOA metric obtained
through the cooperative communication between the WSNs and the mobile robot, in-
stead of relying on the RSSI metric directly (as used in relevant methods in the liter-
ature). Our method achieves superior localization performance through these novelties
while also enabling real-time efficiency compared to several state-of-the-art solutions.

2 Related Work

According to the literature [23,24], there are two categories of wireless localization so-
lutions: Model-based and Survey-based. Model-based approaches include trilateration
using RSSI, triangulation using DOA, and Weighted Centroid using distance. Recent
works include variants thereof, such as the filtered trilateration [9], differential RSSI-
based least squares estimation [19], and Expectation Maximization [25].

On the other hand, survey-based approaches provide high accuracy based on precise
fingerprints, but with high computation cost of prediction algorithms like the K-Nearest
Neighbors [26,27]. Therefore, we focus on the model-based solution in our work.

In model-based approaches, multilateration and triangulation are the fundamental
methods to predict the position of a wireless device using RSSI captured from multiple
anchors/APs [28]. However, these methods suffer from co-linearity, ambiguous posi-
tioning, non-intersecting circles, etc. A recent survey [29] on model-based techniques

! https://github.com/herolab-uga/pf-doa-localization
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confirms that the balance of accuracy and computing complexity is absent in the litera-
ture. Also, different variants of trilateration/triangulation can have different localization
accuracy, resulting in inconsistency in its application. The weighted centroid method is
less accurate for Non-Line-of-Sight conditions, limiting its applicability. Further, most
methods compute the RSSI values into distance measurements to use in multilateration
algorithms, which suffer from the dependency of wireless channel parameters of the
environment for RSSI to distance conversion.

We depart from the previous works in two different ways: 1) we use a cooperative
mechanism between the WSN to obtain the DOA of wireless signals; 2) we estimate
Gaussian probability on the DOA estimates. We propose a DOA estimation scheme
from RSSI measurements to propose a geometric model of the AP/WSN distribution in
the environment. The approach adopts a particle filter, which can be applied indepen-
dent of the robot’s motion model or combined with the robot’s odometry, if available, to
improve accuracy. Our proposed approach is advantageous by reducing computational
complexity without embedding external hardware and uses bearing-only information
(aided by the cooperative RSSI measurements), and achieves high accuracy even in the
presence of signal noise. This way, our method balances the efficiency and accuracy for
quick online operation without fingerprinting dependence.

Further, DOA (or Angle of Arrival) based methods achieve high localization ac-
curacy. For instance, in [30], the authors used WSN equipped with Infrared arrays to
estimate the DOA of a mobile robot, which was used to achieve indoor localization
with meter-level accuracy. There have been few attempts using bearing information and
range measurement for offline device localization, but most of the methods are survey-
based and are computationally expensive.

In our previous work [10], we demonstrated an online localization of a stationary
AP from a mobile robot using PF-based estimation aided by DOA of wireless signals.
However, in this work, we focus on mobile devices to enable broader application on dif-
ferent infrastructure possibilities in indoor scenarios, and we improve the PF algorithm
in terms of performance and efficiency. Specifically, the proposed method enables the
fusion of the DOA estimates using WSN cooperation, robot’s motion model with the
Gaussian probability of DOA estimates in the PF’s resampling process.

3 Proposed Approach

We look at the problem of a robot localization (self-localization) against its surround-
ings. In the proposed scheme (see Fig. 1), a limited (smaller) number of WSNss are dis-
tributed in the environment, and the mobile robot is mounted with an AP, which nearby
WSNs can sense. The WSNs measure the RSSI values coming from the AP and com-
municate this information to the robot (assuming the measurements and communicated
data are reasonably time-synchronized).

Problem Statement Suppose that we have a wireless AP mounted on a mobile robot
(whose location to be estimated) and that four fixed WSNs N = {Ny, No, N3, N, } are
placed at the corners of the bounded region (see Fig. 1 for location reference). The
WSNs measure the radio signal strength (RSS) from the robot’s AP. Using these signal
values, we can estimate the DOA of the robot’s vector concerning the WSN’s center.
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The robot R records its path along with the DOA measurements as the tuple: m; =
{z1,y1, DOA;}, where (x;,y;) is the location of the robot at location [. The problem
is to find the best estimate of the robot’s location (2%, y}) € R? which maximizes
the probability of observing the measurement tuples when the robot is at the estimated
location P(zgr,yr | my, mi—1,...,mi_pr), Where and M is the number of previous
samples considered along the completed path trajectory so far, given that we employ an
arbitrary method to estimate the DOA.

Solution To address this problem, our solution uses a particle filter-based localiza-
tion of a mobile AP. There are two main parts of the proposed approach: 1) cooperative
DOA estimation; 2) DOA-based localization.

Cooperation Cooperative localization can be accomplished with a network of three
(or more) wireless nodes, where each node can sense the signal strength of the other
node in the network. In our current implementation, DOA of the mobile robot within
the network is obtained from the geometric rule described in the central finite difference
method [12]. The Alg. 1 gives an overview of wireless network collaboration for deter-
mining DOA. All these computations are being performed by the moving node, which
runs a centralized service and receives the RSSI information from all connected nodes
that sense wireless signals independently in asynchronized manner. For the algorithm
to work, we need at least three spatially-distributed WSNs in the network and the robot
needs to be within the polygonal boundary of the WSNs.

RSSI can be modeled as a vector with two components, and the gradient with re-
spect to the center of the robot can be represented as § = [g,, g,]. One of the primary
advantages of the central finite difference method is that it provides gradient estima-
tion based on the received signal strength from geometrically oriented wireless nodes.
It means that, after an appropriate gradient estimation, a receiver node (moving robot)
can estimate the direction of arrival of signals based on the reference position, Which
then further be used for position estimation using particle filtering. Using the central
finite difference method [12], the RSSI gradient can be calculated as follows:

_ Sn3 — Sn2 n Sna—Sn1 . Sn3—Sna | Sn2— Sni

. L gy = 1
9 2Ax Ay I oAy T 24y M

Here, Ax is the distance between the wireless sensor’s antennas along the x-axis,
Ay is the distance between the wireless sensor’s antennas along the y-axis, and Sy1, Sn2,
Sn3, and Sy are the RSS values at nodes N = {Ny, No,...N4}, respectively on the
mobile robot, measured at the current path location.

DOA; = arctan(g—y) 2)

9z
The formula provides the DOA of the wireless signal at a position along the path [ using
the RSS gradient. We can then suppress the noise of the calculated DOA by using the
exponentially weighted moving normally. We consider a fixed window k of previous
positions of the robot along its path. In this way, the sampled DOA at a path area [ with
K — 1 past positions included in the window can be composed as:

1

_ 3
0099 +0.99T + .+ 0.99F 1 3)
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Algorithm 1: Wireless sensor network cooperation for determination of DOA

on mobile robot.

1 for every time node N; € N WSNs do

2 Each node N; € N measures RSSI (Sy;) locally at time ¢;

3 publish Sn; and ¢ to the topic 7; through a publish-subscribe mechanism by all
WSNs;

end

% At robot node;

Initialize time window to 77;

while time window is open do

for every RSSI topic r; € R do
extract Sy; and t from 7;;

10 if ¢ in time window then

1 | add Sy to Si;

12 end

© ® N & u &

13 end

14 Average out all Sy; in S;;

15 end

16 Calculate RSSI gradients with Eq. (1) ;

17 Calculated DOA of robot within the WSN using Eq. (2) and Eq. (4).

k—1
DOA; =Ty, x »_0.99" x DOA_,,. @)
n=0

DOA-based Localization Similar to [3 1] for acoustic signals, we employ a Gaus-
sian probability model on the wireless signal DOA estimates to calculate the weights
of each random particle in the PF. This probabilistic model will weigh the quality of
signals sensed by each node from NV and ultimately produce an accurate robot location
estimate through the PF.

The error between actual DOA (ADOA) for all wireless sensors at a potential candi-

date position / of mobile robot with coordinates (.., y.) to the perceived DO A values
for each sensor, can be calculated as follows:

n

]
erri” =Y (ADOA] — DOA;). (5)
=1
Now, we use the Gaussian probability formula (similar to [10,31]) on this error to cal-

culate the probability of the i;;, candidate location of the particle ¢; = (z;, y;, w;),i €
(1,..n), where n is the number of sample in the PF spread in the bounded region with
the resolution of I and w; is the weight of each particle calculated over a set of previous
path samples as:

M—
w; o< Pi(g:) = [

1 |: 1 B (ew.;—k)2
k=0

o2 . 6
2776 ’ ©
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Algorithm 2: PF Localization of mobile robot using DOA from WSN.

1 Pr =[] % Initial list of particles in the PF ;
2 while end of trajectory stream do
3 sample x; from transition model P(X¢y1|x+);

4 Xi+1 = Xt % motion model for robot;
5 W =[] % weights;
6 for x:41 in Prdo
7 ‘ add P(et+1 |$t+1) to W;
8 end
9 Rr =[] % re-sampled particle filter;
10 for n=2to N do
11 Choose P = Pr[n] of probability w;(z;) (Eq. (6)) ;
12 add P to Rr;
13 end
14 Pr =Rr;
15 ) = x; € wi(x;) is maz(w;);
16 end

There is an intrinsic angular inaccuracy in each DOA degree that is analyzed. o
represents the fluctuation (deviation) of this error, which is anticipated to be known
because we know the correctness of the technique used to assess the DOA. We use
the product of the Gauss likelihood of DOA error over M — 1 prior robot positions
(imitating geographically scattered samples) so that the sifted DOA from earlier path
locations can be used in the same way as readings from many sensors.

This component of the DOA probability is used to calculate the weights of the
particles in the PF, which is then employed in the resampling procedure in the next PF
step (iteration). The particle filter provides initial hypotheses with a uniform sampling
of probable robot locations across the environment using a constraint around the present
robot location. The Gaussian probability is determined for each particle, that is, the
signal source. The particles are subsequently given weights that are proportional to
their likelihood, and the weights w; are normalized as w} (¢;) = %

This normalized weight determines the likelihood that a particleb\}?ﬂl be regenerated
in the next iteration. The particle with the highest weight (soft max) is the best gauge
of the mobile robot’s location. This process is repeated until either one unique particle
remains or no modern data are available. It is worth noting that the PF is iterated for
each new estimation tuple. Algorithm. 2 provides an overview of the proposed method.

3.1 Theoretical Analysis

Lemma 1: Uncertainty Given space dimensions (width x length), range of each wire-
less sensor node in WSN, and RSSI with A/ noise percentage. The estimation of DOA
with N'% of error within the region of observability can further incorporate in the de-
termination of weights of n samples in PF. Then, the soft max of weights will provide
positioning accuracy with uncertainty N%.
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Fig. 2. The test sample locations in simulation are shown here. The simulation plots show the
actual trajectory (where the signal sample was taken) of the robot in solid lines and the predicted
locations in scattered dots.

n—1

Lemma 2: Accuracy Let % < R, where X is a set of samples in PF and R is
the resolution of spread of samples in PF, then argmin?_' (x — X;) < R. This lemma
implies the case when all particles in PF converged to a certain extent that the centroid
of all becomes < . Any candidate particle « with the minimum difference from each
particle would always lie within the particle’s space resolution .

Theorem 1: Convergence et x; = Tx;_1 + ¢, wherei =1,2,...,7 € X and e = R.
We can claim that the infinite sequence, 2,52, has an approximate solution in finite
iterations.
Proof: The theory of fixed point iteration methods (see, e.g., [32]) formulates conditions
that guarantee convergence of this sequence to x,. If the sequence x; converges, (i.e., if
x; — R € X), then the sequence generated by our algorithm is finite for any positive
€. In this case, it ends up with a certain approximation of .

Hence, we can say that position estimation can be obtained with uncertainty N %
and accuracy < R using Lemma 1, Lemma 2 and the proposed algorithm converges
according to Theorem 1.

4 Experiments

We performed extensive simulations for verifying the performance of the proposed lo-
calization in terms of accuracy measured through the Root Mean Squared Error (RMSE)
and efficiency measured through the Time Per Iteration (TPI) metrics. We implemented
our approach and compared the performance with relevant recent methods from the lit-
erature on both extensive simulation studies. We made 100 trials for each experiment
and averaged the localization error over all trials as the distance between the predicted
and the actual positions (ground truth).

Simulation Experiments We generated a simulated dataset using four WSNs dis-
tributed on the corners of the simulation workspace, with the initial position of the
robot being their center (Fig. 1). We simulated three different trajectories for robot mo-
tion: Boundary (left), Cross Coverage (center), Diagonal (right), and the scale of the
workspace is 6m x 6m as shown in Fig. 2. Through these paths, we cover all potential
positions within the bounded region. We measure the RSS value of each WSN node
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Fig. 3. Test bed for both datasets along with the marked positions in bounded region.

for all positions along the robot’s path. The estimated RSS based on log-normal radio
signal fading model can be computed as:

RSSI = A —10 x n x logyy(d), ™

Where n denotes the path loss exponent, which varies between 2 (free space) and 6
(complex indoor environment), d denotes the distance from Robot R to the node IV, and
A denotes received signal strength at a reference distance of one meter. We used this
dataset to perform experiments to validate the accuracy of localization techniques for
different noise conditions on the measurements simulated through a zero-mean Gaus-
sian noise varying from 1 to 4 dBm variance.

Real-world Datasets We used two different publicly available real-world RSSI
datasets on indoor localization: Dataset 17 provides RSSI values for three wireless tech-
nologies; BLE, Zigbee, and Wi-Fi in a 4m x 4m room ((Fig. 3(a)); and Dataset 23 pro-
vides RSSI values for the three regions of varying range in the bounded area: diagonal,
boundary, and inside in a 10m x 10m room (Fig. 3(b)). More details are available in
Appendix A, which is available at http://hero.uga.edu/research/localization/.

Comparison with the State-of-the-Art (SOTA) To validate the results of our pro-
posed approach, we implemented the six model-based solutions from the recent liter-
ature: 1) trilateration [17,9], 2) weighted centroid localization [18], 3) differential
RSSI-based localization[19], 4) Markov grid, 5) Improved RSSI based localiza-
tion[20], 6) Particle filter-extended Kalman filter[2 1] approach which applies the
same Gaussian probability over DOA but in the Markov grid, the solution is exten-
sively searched through each and every location on the workspace with a resolution
of 0.5m (this is similar to the Expectation Maximization (EM) method in [22]). More
details on each of these methods are in Appendix B.

5 Results and Discussion

Fig. 4 summarizes the results of the simulation experiments. In general, the proposed
method performed significantly better than the state-of-the-art methods in terms of both

2 https://github.com/pspachos/RSSI-Dataset-for-Indoor- Localization-Fingerprinting
3 https://ieee-dataport.org/documents/multi-channel-ble-rssi- measurements-indoor-localization
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Fig. 4. Simulation: Localization performance of the proposed approach against SOTA algorithms.
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Fig. 5. Factors affecting accuracy of position prediction in terms of RMSE. Left: Impact by the
number of particles and inclusion of robot motion (odometry) model; Center: Impact by different
propagation constants (n) and grid resolution; Right: Scattered position predictions in 40 x 40 m
bounded region by different techniques.

accuracy and efficiency. We plotted the position predictions in a sizeable simulated
area of 40 m x 40 m bounded region to understand further how our method localizes
compared to other methods. Table. | presents the results of both sumulation and dataset
experiments.

5.1 Simulation Results

In the proposed approach, certain factors (number of particles, path-loss exponent, and
resolution of particles) are involved that can impact localization accuracy. So, we find
the optimal combination of such parameters for our method before comparing it with
the methods from the literature. Fig. 5(a) presents the results of the RMSE variations
under different numbers of particles. It can be seen that by increasing the number of
particles, the accuracy has improved as expected. However, it also increased the com-
putational complexity, so we chose 200 as the optimal number of particles in the PF. By
implementing the motion model and the particle filter, convergence slightly improved
the accuracy at a small expense in the computation time. The results show the fusion
of the mobile robot’s motion model (or IMU sensor) with our PF-DOA localization
increased accuracy.

The propagation constant (1 in Eq. (7)) plays a significant role, since it indicates the
environment complexity in propagating wireless signals. Contrary to the belief that the
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Table 1. Performance results of simulation and dataset experiments.

Trilateration WCL D-RSSI Markov Proposed PF-DOA
Experiment Basis |RMSE (m)|TPI (ms) RMSE (m)|TPI (ms) | RMSE (m)|TPI (ms)| RMSE (m) | TPI (ms)|RMSE (m) TPI (ms)
. 0.10+0.01 wo/ odom|49+13 wo/ odom
Diagonal 1.034+0.45| 71420 |1.3640.76| 61+18 |0.42+0.09 | 42+17 | 0.08+0.01 | 105429 0.0840.01 w/ odom 6611 w/ odom
. 0.12+0.08 wo/ odom|53=14 wo/ odom
Inside 1.41+0.57 | 68418 [1.434+0.81| 53421 |0.53+0.12| 52+13 |0.09+£0.015| 99+33 0.1040.07 w/ odom 65421 wi odom
0.36+£0.08 wo/ odom|51 +12 wo/ odom
Boundary 1.234+0.68| 77+16 |1.6240.96| 63+23 |0.72+0.18 | 48+16 | 0.21+0.09 | 112438 0.26-0.07 w/ odom 62-18 w/ odom
Average 122£0.56 | 7218 |2.470.84| 59420 |0.55+0.13 | 4715 | 0.13£0.04 [105+100 giziggg w;”:‘ion:d"‘“ Zi jé}W}”;;u‘l’:"m
Dataset 1
Wi-Fi 2.74+1.79| 69+18 [3.83+1.85| 76421 [2.21+1.24| 89425 | 1.5240.54 | 202475 |1.07+0.46 9530
BLE 2.33+1.62] 75+16 [3.76+0.81] 83+17 [1.90+0.91 | 69+10 | 1.324+0.07 | 195479 [1.18+0.24 72420
Zigbee 3.03+1.93| 78+14 [4.21+0.21] 6512 |2.42+1.64] 79+15 [ 1.89+0.98 [ 215498 [1.26+0.74 82425
Average 2.70£1.78] 7416 [3.94:£0.95] 73£16 [2.18+1.26] 79417 | 1.58+0.53 [ 204+ 84 |1.17+£0.48 83+25
Dataset 2
Diagonal |2.91£1.67| 82421 |3.81£2.02| 94429 |2.0141.14 | 78411 | 1.4240.09 |2704+113]0.59+0.08 120£30
Channel 0 Inside [3.05+1.89] 91+18 [4.314+2.21] 79422 [2.72+1.08| 83+18 | 1.0140.34 |310£102|0.82+0.14 135£35
Boundary|3.93+£2.01 | 86+20 [4.724+2.47| 89+24 [2.92+1.95| 94%19 | 1.22+0.51 | 295491 {1.01+0.69 115+39
Average |3.314+1.85| 86120 |4.2842.23| 87422 |2.55+1.39| 85£16 | 1.2240.31 [291+102{0.74+0.30 123+36
Diagonal [3.03+2.41| 91422 |4.134+2.92| 84431 |2.91+1.37| 98=£11 | 1.7240.61 [310+129(1.89+0.81 112435
Channel 0-39| Inside |4.13£1.95| 7612 |5.02+3.64| 82429 [2.7141.14| 87+24 | 1.3340.76 356+111|1.26+0.92 129+37
Boundary|4.024+2.47| 79422 |5.6243.24| 83423 [3.1242.05| 74+19 | 1.924-0.84 [3743-105|1.85+0.76 133+43
Average |3.73+2.27| 82418 |4.934+3.26| 83427 |2.924+ 1.52] 86£18 | 1.6610.73 |346+115]1.6740.83 122438
Diagonal [3.224+1.21| 84434 |4.9842.45| 92435 |3.12+2.01 | 89+23 | 1.4240.09 [270+113]1.9940.41 132+41
Channel 39 | Inside |[5.2242.63| 95421 |6.4142.16] 92429 |4.12+3.21| 84422 | 1.7140.94 [325+114|1.64+1.04 153+41
Boundary|4.9243.02 | 91429 [6.234£3.62| 79420 [4.214£2.03| 96129 | 2.02+1.21 [372+£112{2.11+1.19 145149
Average |4.45+2.28| 90+27 [5.874+2.74| 87+28 [3.82+2.41| 89+24 | 1.72+0.74 [323+113|1.914+0.88 143145

higher the propagation constant, the lower the accuracy, our method performed better
even under high n values, as can be seen in Fig. 5(b). It is mainly because of the small
boundary space of the experiment settings within which a larger propagation constant
would produce more significant variations in RSS, therefore high localization accuracy.

Similar to the impact on the number of particle filters, the increase in the particles’
resolution also improves the accuracy at the cost of computation efficiency. Therefore,
we chose a path loss exponent of 3 to present reasonable environmental complexity in
our simulations. Also, based on the data, we set the optimal PF resolution of 0.1 m for
the PF method in our analysis.

Impact of signal noise We analyze the performance based on the accuracy in terms
of RMSE for different simulated noise levels in the measured RSS. It can be seen
in Fig. 6 that among all techniques for different noise levels, the proposed approach
has lower RMSE (high accuracy). The trilateration approach performed better than the
Weighted Centroid method. However, both have 3x higher RMSE than the proposed
and Markov method for most of the experiments. Markov and the proposed approach
performed slightly better in terms of accuracy. However, the Markov approach is com-
putationally complex as it calculates the Gaussian probability in all the grid areas with
a full resolution instead of sparsely and randomly distributed particles in the PF.

5.2 Performance on Real-world Public Datasets

In general, our method outperformed other methods in both datasets. Further analysis
on individual technologies and channels is provided below.

Wireless technology comparison Dataset 1 has RSSI observations captured from
three different technologies (Wi-Fi, BLE, and Zigbee). The findings from these exper-
iments (Table. 1) delineate the suitability of using Wi-Fi as a communication channel
and the proposed approach for indoor localization as it has the least RMSE than other



12 Latif and Parasuraman

Non Linear Least Square Error
Weighted Centroid

Differential RSS

Improved RSSI

Smoothed PF-EKF

Markov Grid

Proposed PF-DOA w/o Odometry
Proposed PF-DOA w/ Odometry

b ”Hfiﬂ Hg% +%*%i; %%H

0 1 2 3 4
Noise Level (dBm)

HRORENNE

=

Root Mean Square Error (m)

Fig. 6. Localization performance under different RSSI noise levels.

technologies with 1.07m RMSE in a 4m x 4m of bounded region. As expected, there
is no significant difference in terms of computational complexity among different tech-
nologies because the methods take the same time to run the algorithm irrespective of
where the signals are coming from. The proposed approach also has 0.4 m better accu-
racy than the KNN as presented in [15] for scenario 1 of the Dataset 1.

Regional comparison Dataset 2 has RSSI for three different regions in a bounded
area of dimension 10 x 10 m. From Table. 1 it can be evident that the proposed approach
works well for the positions inside the AP/WSN perimeter compared to diagonal or
boundary points. This is due to the fact that the DOA estimates can be ambiguous on
the diagonal and boundary regions, resulting in higher localization error. However, in
reality, the mobile device would be inside the infrastructure boundaries, and this is
advantageous for our method.

Channel comparison Dataset2 has RSSI observations for 40 different channels
under three different regions in the bounded area of dimension 10 x 10 m. We show the
results for the channel with less noise (channel 0), the channel with high noise (channel
39) and report the combined RMSE for channels 0-39. It can be seen from Table. 1
that the proposed approach consistently provided the best performance in most of the
scenarios with reasonable computational efficiency.

5.3 Discussion

The proposed PF-DOA approach outperformed all SOTA methods and has shown to
localize a mobile device using an existing WSN or AP infrastructure with up to 8§ cm
accuracy achieved in our simulation environment of 6x6 m, even in high signal noise
of 4dBm. The Improved-RSSI and Markov approaches are other methods that achieved
high localization accuracy. Furthermore, in comparison to efficiency, PF-DOA is 40%
more efficient than Markov even though both use 0.1 m of resolution in simulations.
The PF-EKF approach uses the same number of particle filters and applied an extended
Kalman filter for prediction and update of robot’s state while using raw-RSSI (which is
inconsistent and unreliable [33]) as an observation, which reduced its position estima-
tion accuracy to 30% than our approach.
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Table 2. Hardware Experimentation

Experiment Basis Trajectories Workspace Dimensions (m~) |\ RMSE (m)|STD (m)|No. of Samples in PF
(Diagonal) Traj. 1 (Fig. 8:left) 2.34 x 1.75 0.119 0.053 200

Experiment 1 (Inside) Traj. 2 (Fig. 8:center) 2.34 x 1.75 0.140 0.060 200
(Boundary) Traj. 3 (Fig. 8:right) 2.34 x 1.75 0.096 0.051 200

Experiment 2 (Boundary) Traj. 3 (Fig. 8:right) 2.84 x 2.25 0.117 0.045 200

In addition to the comparison of PF-EKF to PF-
DOA, the EKF update and prediction step added 20 Node Position Prediction

overhead in the computation and made it complex 15’f o oS  ation ‘
while the proposed PF-DOA has no such computa- ol " ﬁ:fﬂ:\i‘lffg;:;':quare error
tional expensive operation; hence time per iteration ;| * Grid-Based Differentlal RSS

of PF-DOA is 60% less than PF-EKF. Overall, PF- : onm PL-DOA ! odom)

DOA outperformed localization accuracy and ef-

ficiency over all other experimented SOTA algo- - . .
rithms, as can be evidenced by Fig. 4. Fig. 7 vi- 7% <
sualizes the localization accuracy for all methodsin -5 ‘

a few samples locations. We can observe that the =~ -20% 5 10 *
proposed method predicted mobile device location

very close to the actual location. Fig.7. A sample output comparison

Limitations: Similar to any wireless node of different localization algorithms
collaboration-based approach [34], the proposed in @40 x 40 m bounded region.
approach only works for more than three fixed
nodes placed at geometrically-aligned positions of a regular polygon bounded region
to obtain accurate DOA. While it is robust for most scenarios, it is dependent on the
quality of the RSS and the obstacles or non-line of sight conditions, which need to be
studied further.

6 Demonstration with Real Robot Experiments

To validate the practicality of the algorithm for real-world scenarios, we performed
hardware experiments on a testbed of dimensions 2.34m x 1.75m, with the ceiling-
mounted camera for visual localization as a ground truth, We have mounted a wireless
access point of power 20dBm with a 2.4Ghz frequency over the top of a Turtlebot3
mobile robot. Note, the robot’s internal odometry was faulty.

We performed two sets of experiments; Experiment 1, where the wireless nodes are
placed on the corners of the test-bed workspace (for a high signal strength from the
robot) and Experiment 2, where the wireless nodes placed 0.5 meters away from the
corners of the trajectory region (for a weak signal strength scenario).

In each trial, we drove the robot remotely and recorded RSSI and ground truth
positioning for position estimation and comparison. ROS (Robot Operating System)
has been employed for internode communication. The ROS master runs a service on
the experimental robot to receive perceived signal strength from all connected nodes
through synchronization service (nodes publish RSSI over the specific topic at 1Hz).

Five trials have been conducted for each of the three different trajectories. Table 2
provide the results of this hardware robot experiments. Sample trajectories can be seen
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Fig. 9. Hardware demonstration experiments: testbed and performance.

in Fig. 8. Fig. 9(a) shows the experimentation test-bed with the Turtlebot3 robot at the
center of four corner WSNs. Results shown in Fig. 9(b) and Table 2 delineate high aver-
age localization accuracy of 95% with RMSE of 0.12 m for both experiments. Further-
more, hardware experimentation also validated the practicality of the proposed PF-DOA
approach by providing evidence of high localization accuracy, similar to simulation and
dataset results. We have made a hardware experiments dataset and the ROS packages
available for the community to reproduce the results.

7 Conclusion

We proposed a novel model-based online localization method for mobile wireless de-
vices in indoor environments, which efficiently incorporates the wireless signals from
multiple sources for position estimation. The received RSSI is used to determine the
Gaussian probability of wireless signal DOA through the geometric properties of the
wireless sensor nodes. Particle filters are weighted according to the calculated proba-
bility density function, best fit (high weight and less probability noise) for the position
estimation chosen among weighted particle filters.

Extensive simulation experiments as well as real-world datasets and demonstra-
tions have revealed promising results on the method’s accuracy and efficiency. Our
method revealed at least 50% improvement to localization accuracy than other non-
sampling-based methods such as trilateration, weighted centroid, etc. using RSSI-only
data, and 20% better than sampling-based techniques. Furthermore, despite PF-DOA
being a sample-based technique, due to less computational cost of DOA and less fre-
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quent resampling, it is more efficient than other sampling and non-sampling-based tech-
niques. The experiments proved the practicality of the approach for cooperative robot
localization to achieve high accuracy with low computational costs.
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